ABSTRACT Imaging artifacts induced by the multipath interference in Radio-Frequency sensing network usually significantly degrade the performance of Radio Tomographic Imaging (RTI) and thereby has become a major challenge in the Device-Free Localization (DFL). The multipath in the environment often invalidates the commonly used sparsity-regularized methods for RTI reconstruction because the sparse multipathinduced imaging artifacts may be misestimated as the sparse target-induced attenuation. To enhance the sensing ability of the target's effect in RTI, for the first time, this paper utilized the Low-Rank and Sparse Decomposition (LRSD) to cope with the multipath-induced imaging artifacts and infer the sparse targetinduced attenuation accurately. The experimental results demonstrated the significant advantages of the proposed LRSD method in the reconstructed RTI quality, DFL accuracy, and time complexity in comparison to the presenting commonly used methods, including Tikhonov Regularization and Bayesian Compressive Sensing (BCS). The above advantages make the proposed LRSD method highly expected to improve the RTI performance and also make it applicable for real-time DFL applications.
I. INTRODUCTION
Device-Free Localization (DFL), achieving the position information of target without needing the target to wear any electronic devices or tags, progresses rapidly for the actual assisted living services [1] . As a novel low-cost wireless computational imaging technique to locate the target with protection to the target privacy, narrowband Radio Tomographic Imaging (RTI) has been applied in many DFL scenes, such as emergency response [2] , roadside surveillance [3] and assisted healthcare for the elderly [4] . As the RadioFrequency (RF) waves in RTI is able to penetrate through smokes, illumination, and the opaque obstructions like walls, RTI is useful even in the obstructed environment [5] . However, as the multipath propagation is an intrinsic feature in
The associate editor coordinating the review of this manuscript and approving it for publication was Eyuphan Bulut. the narrowband RF sensing network, the multipath fading in the reconstructed RF attenuation field from the Received Signal Strength (RSS) measurements may induce the imaging artifacts and subsequently degrade the RTI performance and the DFL accuracy significantly [6] , [7] . Thus, how to effectively resist the imaging artifacts and reduce the target misestimation induced by the multipath fading has become a research focus in the actual RTI-based DFL applications [8] .
Addressing the above problems, the model-based and reconstruction-based methods have been developed to effectively cope with the multipath-induced imaging artifacts and enhance the RTI reconstruction performance of the target-induced attenuation. The model-based methods investigated how the RSS measurements were varied by the target appearance [9] and different multipath components, such as electronic noise [10] , reflection [11] , and shadowing [12] . Subsequently, corresponding models were developed to describe the target-induced attenuation and the multipath fading. Further, the static fade level of the RF link has been studied to quantify the RF-link sensitivity to the target-induced shadow fading [13] , [14] . In addition, the multipath components induced by the target's position have also been deeply studied to reflect the effect of target appearance [15] , [16] . By these models, the characteristics of the target-induced attenuation and the multipath components have been analyzed so that the shadowing images with fewer imaging artifacts were obtained [17] . However, some detail problems such as the parameter pre-estimation for each concrete models in different scenes usually limit the universal application of these model-based methods.
In comparison to the above model-based methods, the reconstruction-based methods usually have a better universality as they infer the target location by reconstructing the target-induced RF attenuation field from the RSS measurements and using general models. As the RTI reconstruction is an ill-posed inverse problem, even a small amount of noise in the measured RSS can be amplified and significantly degrade the RTI reconstruction performance [18] . Thus, the regularization condition has been utilized as the prior constraint to deal with the multipath-induced imaging artifacts and enhance the sensing ability of the targetinduced attenuation [19] . By restraining the energy of the multipath fading, Tikhonov Regularization, the 2 norm regularization [20] , has been used for the RTI reconstruction but the target-induced attenuation may be also eliminated in that method [21] . Besides, by regarding the target-induced attenuation as a sparse image merely containing the position information, Compressed Sensing, the 1 norm regularization, has been used in RTI to obtain the sparse shadowing image [22] . Further, the imaging artifacts are often induced by the high-frequency multipath noise in the environment, which is expressed as the RSS measurements with the large variance and the deep-fade RF link with the high uncertainty [7] , [13] , [14] , [23] . To deal with these imaging artifacts induced by the environmental multipath uncertainty, Bayesian Compressive Sensing (BCS) using the sparse prior distribution [24] and noise learning [23] has been applied in RTI to offer more flexibility in the sparsity promotion of the target-affected attenuation [25] . However, due to the uncertainty of the actual scenes, the environmental multipath fading may be also sparse sometimes, leading to the false estimation and localization accuracy decrease for these sparsity-regularized methods [26] . Thus, a method which effectively resists the imaging artifacts by the environmental multipath is required.
To cope with the imaging artifacts induced by the multipath in the environment, it is necessary to constrain the environment to change slowly so that the dynamic targetinduced attenuation can be accurately reconstructed by the RTI system [4] , [23] , [27] . The baseline RSS y 0 , the RSS measurement of the empty interested area without the target, has been used to quantify the variation of the environment. The baseline RSS is estimated by the moving average as a low-pass filter of the measured RSS and dynamically adapt to the changing RF-link attenuation [4] . Besides, based on Background Subtraction in computer vision [28] , the baseline RSS is also online-calibrated after the recognition of the environmental background and the target-induced foreground RF links [27] . However, when the target is stationary without moving for a period of time, the baseline RSS estimated by the method in [4] may approximate to the received RSS, resulting in the miselimination of the target-induced attenuation [29] . For the method in [27] , some background RF links faded by the multipath may be misestimated as the targetinduced foreground RF links and further degrade the RTI quality. Moreover, the localization accuracy improvement merely by the RSS measurement analysis in [4] , [27] may be limited as the RTI reconstruction performance mainly depends on the target-induced attenuation, which triggers the RSS measurement variation, and can be better reflected by the reconstruction methods [23] . Therefore, a direct reconstruction method which is able to effectively constrain the environmental variation and resist the imaging artifacts is still desired for improving the RTI reconstruction performance.
In this paper, the reconstructed shadowing image is also regarded as the combination of the background and foreground image, which reflects the static environmental multipath fading and the dynamic target-induced attenuation respectively. Through this, if the sparse multipath-induced imaging artifacts in the background image are effectively resisted, the sparse target-induced attenuation in the foreground image is able to be accurately recognized by the sparsity-regularized methods. To separate the consistent background and the sparse foreground, the Low-Rank and Sparse Decomposition (LRSD) [30] method has been utilized to achieve superior performance in some real applications, such as background estimation [31] [32] and movement detection [33] [34] . However, the LRSD method has never been introduced into RTI to our best knowledge. In the LRSD method, the background is approximated to low-rank to restrain the environmental variation while the foreground is regarded as spatially sparse. As aforementioned, the imaging artifacts induced by the multipath in the environment need to be constrained in RTI. As the large RSS variation can reflect the negative effect of the environmental multipath [7] , to control the RSS variation, the background image resulting from multipath fading should be in the slow variation process [4] , [27] , in which case it can be also constrained by the low-rank condition. In that case, after the sparse multipath-induced imaging artifacts in the background image is effectively suppressed by the low-rank constraint, the foreground image of the target-induced attenuation is accurately reconstructed by the sparsity-regularized methods. Based on the above analysis, for the first time, this paper utilized the LRSD method [34] to cope with the imaging artifacts and infer the target-induced attenuation. The experimental results demonstrated that the LRSD method significantly improved the RTI quality and DFL accuracy with a lower time complexity, compared to the commonly used methods including Tikhonov Regularization and BCS. This paper is organized as follows. The RTI reconstruction issue and some commonly used methods are introduced briefly in Section II; the proposed LRSD method for RTI reconstruction is presented in Section III; the DFL experiments are conducted and some empirical evaluations are adopted to verify the performance of the proposed LRSD method in Section IV; experimental results including the RTI reconstruction quality, the DFL accuracy and the time complexity by the proposed LRSD method were compared to those by the commonly used methods in Section V; the conclusion of this paper is given in Section VI.
II. PROBLEM STATEMENT
In general, considering a two-dimensional monitored area of which m narrow-band RF nodes are deployed along the perimeter, then an equipotent sensing network of M = m(m− 1)/2 RF links is constructed. For estimating the target location, the monitored area is divided into N virtual pixels then the vector x ∈ R N represents the target-induced shadowing image in the sensing network. The RSS variation of each RF link forms the RSS measurement vector y ∈ R M , providing the quantitative measurement of target-induced attenuation. The RSS can be estimated as the weighted sum of targetinduced shadow fading through the projection equations, as
where e ∈ R M is the measurement noise; is the projection model to reflect the projection zone, in which ij evaluates the shadow fading at pixel j to the RSS of RF link i. Only the pixels in the projection zone of the RF link are considered as the target-affected ones [20] as shown in Fig. 1 . The task of RTI is the reconstruction of the shadowing image x from the measured RSS y by solving (1) to obtain the best fitting, as arg min The reconstruction of RTI is an ill-posed inverse problem as the equations (1) are underdetermined, which means that the multipath noise in the measured RSS may be amplified and induce the imaging artifacts to degrade the RTI performance. Thus, the regularization constraint should be added to deal with the multipath-induced imaging artifacts and enhance the sensing ability of the target-induced attenuation according to arg min
where Q(x) is the regularization condition to set a prior constraint on x and λ is the regularization constant to balance the fitting error and prior constraint. To constrain the energy of the multipath noise, Tikhonov Regularization is used to solve (3) as an 2 norm optimization problem according to arg min
Besides, by treating the target-induced attenuation as a sparse image containing the position information of the target, Compressed Sensing as an 1 norm optimization method is used for the RTI reconstruction [22] , as arg min
As the pixels representing a target-induced attenuation only occupies a small portion in the reconstructed image, x can be treated as sparse. Further, to promote the performance of the sparse RTI reconstruction, BCS [25] and HBCS [23] which use complex prior distribution and noise learning to infer the sparse shadow image, have been utilized for RTI reconstruction. However, the sparse multipath-induced imaging artifacts may degrade the RTI performance using the sparsityregularized methods, as shown in Fig. 2 . Thus, a method which can reduce the sparse multipath-induced artifacts and enhance the recognition of the sparse target-induced fading is still desired. 
III. PROPOSED METHOD
Based on Background Subtraction [27] , [28] , the shadowing image x can be treated as the combination of the static VOLUME 7, 2019 environmental background fading image l and the dynamic target-induced foreground attenuation image s, according to
Then the reconstruction of the shadowing image x can be treated as the separation of the static environmental background image l and the dynamic target-induced foreground attenuation image s. To show the attenuation of the sensing network, (6) can be transformed into the matrix form as
If the transformation from vector to matrix in (7) is denoted by Mat, X = Mat(x) is the shadowing image, L = Mat(l) and S = Mat(s) are the background and foreground image respectively. The sparse multipath-induced imaging artifacts in the background image L are easily misestimated as the targetinduced attenuation by the sparsity-regularized methods. If the sparse environmental multipath-induced imaging artifacts in the background image L can be effectively suppressed anyway using a reasonable constraint condition and thus, making it negligible in the foreground image S, the sparse target-induced attenuation in the foreground image S correspondingly is able to be recognized by the sparsityregularized methods. As the large RSS variation can be used to reflect the negative effect of the environmental multipath [7] , to constrain the RSS variation, the background image L should be in the slowly varying process and thus, is able to be constrained by the low-rank condition. Then the background image L can be reconstructed by applying the low-rank regularization condition. Further, the foreground image S can be reconstructed by the sparsity-regularized methods. In summary, the reconstruction of shadowing image x can be treated as an LRSD optimization problem, according to arg min
where
As the low-rank property of matrix L guarantees that only a few singular values of matrix L are large, the minimization of rank in (8) can be replaced by the nuclear norm [30] as arg min
where L = Mat(l), S = Mat(s), and L * = i σ i (L) is the nuclear norm with σ i as the singular value of L. The l and s in (9) are solved iteratively by two subproblems. The background image l is estimated by solving a nuclear norm minimization of matrix L according tô
where L = Mat(l) and [c] means the c-th iteration. It can be solved by partial SVD decomposition of (Y * − S [c] , r) under the rank constraint of r using the rank-1 modification [32] with Y * = Mat( * y) and
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where * is the adjoint matrix of , Vec is the vectorization transformation of the matrix. The foreground s is estimated by solving an 1 norm minimization problem, according tô
It can be solved by using the iterative shrinkage-thresholding algorithms [35] with = * and y * = * y according tô
where S λτ is the soft thresholding operator with stepsize τ ,
and sign is the signum function defined as
After the solution of (9) includingl andŝ are converged, the shadowing imagex is reconstructed according tô
and the whole process is shown below in Algorithm 1.
IV. EXPERIMENTAL DESIGN A. EXPERIMENTAL SETUP
Two different experimental scenarios, one indoor scene and one outdoor scene, are conducted to evaluate the performance of the proposed LRSD method. The layout charts and the photographs of the monitored area in the two scenarios are demonstrated in Fig. 3 . The RF nodes are MICAz devices (Crossbow), which are uniformly deployed along the boundary at 1m in height from the ground with an interval of 1m. The communication protocol between the RF nodes is a 2.4 GHz IEEE 802.15.4 standard. A simple token ring protocol in which each RF node transmits the signal in sequence according to the predefined ID number is executed. When an RF node is transmitting the signal, the other RF nodes are in the receiver mode and recording the RSS measurements from the received packets. The period for token transmission is about 12ms. A MIB520CB base station (Crossbow) overhears all the packets and passes them to a computer for storage. Before the experiment, the average RSS of 5 minutes in the empty monitored area is set as the baseline RSS y 0 . When estimating each position, the average value of 5 RSS measurements, which lasts for 30 seconds, is defined as the +ŝ [c] .
received RSS y 1 . The RSS for reconstruction computation is obtained according to y = y 1 − y 0 . Besides, the size of the virtual pixel of the RF network is 0.2m×0.2m. The height, shoulder-width and chest-depth of the target is 1.75m, 0.375m and 0.15m. The detailed configurations of the indoor and outdoor experiment are as below.
• Indoor Experiment: A cluttered indoor area of 6m×4m with 20 RF nodes is deployed, as shown in Fig. 3(a) and Fig. 3(b) . There are three desks in the field as static obstructions. The number of pixels and links are N = 600 and M = 190 respectively. The indoor experiments include the localization test for 36 single-targets and 8 multi-targets (six 2-targets and two 3-targets).
• Outdoor Experiment: An outdoor area (6m×6m) with 24 RF nodes is deployed, as shown in Fig. 3(c) and 
where d i is the distance between the transmitter and receiver of the RF link i, d ij (1) and d ij (2) are the distance from the centroid of pixel j to the transmitter and receiver of the RF link i respectively. The parameter γ , which is a threshold to control the target-affected range of the RF link [18] , [20] as shown in Fig. 1 , is set as 0.04 in the experiments.
B. EMPIRICAL EVALUATIONS
As the RTI reconstruction is degraded mainly by the multipath-induced imaging artifacts, the RTI reconstruction quality is evaluated by the number of reconstructed imaging artifacts. As the decreasing number of artifacts leads to the sparser RTI reconstruction, the number of positive pixels in the reconstructed imagex is defined as the reconstructed RTI sparsity to reflect the RTI reconstruction quality [8] , [23] . Besides, the RTI reconstruction quality is also evaluated by the mean square error (MSE) between the true imagex and the reconstructed imagex, which quantitatively reflects the false estimation as an intuitive dissimilarity [36] , according to
where the true imagex is defined as the cross section of a target with a rectangle of 0.4m×0.2m, which reflects the attenuation range induced by the target with the height, VOLUME 7, 2019 shoulder-width, and chest-depth of 1.5m, 0.375m and 0.15m in the RF sensing network with the RF nodes of 1m in height [37] , according tõ
Moreover, the localization accuracy is calculated by the 2-order optimal mass transfer (OMAT) metric [38] , which is the root mean square error of the best assignments of estimation to the true positions, according to
where n is the number of targets, is the set of all possible permutations of {1, . . . , n}, d (u, v) is the Euclidean distance between u and v.P = {p 1 , . . . ,p n } is the true position, and P = {p 1 , . . . ,p n } is the estimated position with the highest n value in the reconstructed imagex.
V. RESULTS AND DISCUSSION
In this section, the RTI reconstruction quality (V-A), the DFL accuracy (V-B) and the time complexity (V-C) of the proposed LRSD method were compared with those obtained by the commonly used reconstruction methods including Tikhonov Regularization [20] , BCS [25] and HBCS [23] . The regularization constant of Tikhonov Regularization in the indoor and outdoor experiments were set to 5 and 1 respectively to get their best performance. Besides, the parameters of BCS and HBCS were determined according to the corresponding references [25] and [23] . Further, the potential reasons for the advantages of the proposed LRSD method compared to other methods are discussed in (V-D). 
A. RTI QUALITY
As (IV-B) described, the RTI quality with higher sparsity and smaller MSE (d M (x,x) in (18)) is preferred. The sparsity of the reconstructed images by Tikhonov Regularization, BCS, HBCS and the proposed LRSD method were rounded to the integer and summarized in Table 1 . Besides, the MSE of the reconstructed images by these methods were recorded in Table 2 . The reconstructed images by these methods of a 2-target (located at (2,3) and (4,2)) indoor localization test and a 5-target (located at (1,4), (2, 5) , (3, 2) , (4,1) and (5,3)) outdoor localization test were shown in Fig. 4 and Fig. 5 respectively to reflect the performance of RTI reconstruction by these methods. The multi-target reconstructed shadowing images were selected because there are more multipath interference existing in the multi-target localization than in the single-target localization. Thus, there will be more imaging artifacts in the multi-target reconstructed shadowing image [39] and thereby, the multi-target localization results may provide a more objective evaluation on the RTI reconstruction quality of these methods. Moreover, the proposed LRSD method focuses on resisting the imaging artifacts induced by the multipath in the environment. Thus, to decrease the reflection between the targets, the targets in the multi-target localization tests were known and fixed with the distance over 1m to guarantee the imaging artifacts were mainly induced by the multipath in the environment. From these RTI performance shown in Table 1, Table 2 , Fig. 4 and Fig. 5 , it is not hard to find that the number of sparse pixels recognized by LRSD was not only significantly smaller than those by the other three methods but also was closer to the actual target number. In the reconstructed images by BCS and HBCS, there were many imaging artifacts which degraded the RTI quality and interfered with the RTI system for target location. Though the imaging artifacts could be resisted to a certain extent by Tikhonov Regularization, the fine-grained target attenuation was also reduced, resulting in the low resolution of the estimated target position [8] , as shown in Fig. 4 and Fig. 5 . Further, in comparison to the other three methods, the MSE by the proposed LRSD method was decreased by 4.3dB and 4.8dB at least than the other three methods in the indoor and outdoor scene respectively, demonstrating the enhanced sparsity and significant quality 50228 VOLUME 7, 2019 promotion of the RTI reconstruction using LRSD. These improvements mainly attributed to the effective suppression of multipath-induced imaging artifacts in the reconstructed images using LRSD so that the false estimated positions were reduced. Furthermore, the estimated position by LRSD was close to the true position with higher accuracy in comparison to other methods, which will be discussed detailedly in V-B. 
B. DFL ACCURACY
Through the OMAT errors (d O (P,P) in (20) ), the DFL accuracy using the proposed LRSD method was compared with those by the other three methods as shown in Table 3 . In the outdoor scene with less multipath in the environment, the least average error of the 36 single-target localization tests by the other three methods was 0.157m, which was 0.04m higher than that of LRSD (0.112m). Besides, in the cluttered indoor scene with more multipath noise, the least average error of the 36 single-target localization tests was 0.338m by the other three methods, and the average error by LRSD was 0.262m, at least 0.07m less than those of the other three methods. Furthermore, the average error by LRSD was 0.12m and 0.22m at least less than those of the other three methods in the 8 indoor multi-target localization tests and the 19 outdoor multi-target localization tests respectively. The above DFL accuracy results indicated that the localization accuracy of the proposed LRSD method was higher than those of the other three methods, especially in the indoor scene and multi-target localization with rich multipath. Besides, the DFL accuracy was also evaluated by the error cumulative distribution function (CDF) curves. The error CDF curves of a total number of 44 indoor and 55 outdoor localization tests were shown in Fig. 6 . The rate of the location error less than one pixel (0.2m) by LRSD in the indoor and outdoor scene ware 75% and 90% respectively. In comparison, the probability of the location error below 0.2m were 45% and 65% respectively at most for the other three methods, in the indoor and outdoor scenes. Further, the error CDF curves also showed that the LRSD method had higher DFL accuracy and was more robust in the indoor scene with rich multipath compared to the commonly used methods. Further, as the RTI reconstruction is an ill-posed problem, the DFL accuracy was also evaluated based on the average error of a total number of 44 indoor and 55 outdoor localization tests with respect to the number of the RF links, as shown in Fig. 7 . The RF links number indicated the actual RSS measurement participating in the RTI reconstruction and was selected randomly from the total RF links. The number of RF links shown in Fig. 7(a) and Fig. 7(b) with variation ranges from 50 to 190 and from 56 to 276 respectively, both with an interval of 20. Though fewer RF links may lead to higher error based on the sparse recovery theory [23] , the error by the proposed LRSD method was the least in comparison to other methods. Above results also demonstrated the advantage of the proposed LRSD method in the DFL accuracy in comparison to the commonly used methods.
C. TIME COMPLEXITY
The average consuming time of these methods in all the experiments were summarized in Table 4 . As Tikhonov Regularization only requires the linear transformation operation which can be precalculated, its computation time was the least. However, Tikhonov Regularization is sensitive to the regularization constant and its accuracy was lower in the multi-target localization tests as aforementioned because the target-induced shadow fading was easily eliminated by the energy regularization. The proposed LRSD method was 25% faster than BCS and HBCS at least, because LRSD has no need to estimate the parameter in the sparse prior distribution constraint. The proposed LRSD method consumed less than 0.5s for RTI reconstruction, making it totally applicable in the real-time DFL applications [39] .
D. DISCUSSION
As aforementioned, the RTI reconstruction performance by the proposed LRSD method is improved compared to the commonly used methods. Due to the large RSS variance induced by the multipath noise, the rank of the reconstructed background image with more imaging artifacts is high. Then under the low-rank constraint, the sparse multipathinduced imaging artifacts in the reconstructed shadowing image by the proposed LRSD method are effectively suppressed, resulting in accurate reconstruction of the sparse target-induced shadow fading using the sparsity-regularized method. Besides, although the Tikhonov Regularization resists the imaging artifacts by the energy constraint, the target's effect is also miseliminated especially in the multi-target localization. Moreover, the RTI reconstruction performance by BCS is degraded by the sparse multipath-induced artifacts, showing the limitation of the sparsity-regularized methods. Furthermore, the reconstructed images by HBCS based on noise learning also suffer degradation by the imaging artifacts because the distribution of the unpredictable noise is difficult to estimate. Thus, compared to the commonly used methods, our LRSD method improves the RTI reconstruction quality and the DFL accuracy by effectively reducing the multipathinduced imaging artifacts. Due to the limitation in resolution, the influence of the target shape on the performance of our method has not been studied yet in this paper. The localization for the unknown numbers of targets with consideration of the target's shape information will be performed in our future research after the resolution of our system is improved.
VI. CONCLUSION
To deal with the imaging artifacts in the RTI reconstruction induced by the multipath in the environment, for the first time, this paper proposed an LRSD approach to effectively reduce the imaging artifacts and infer the sparse target-induced attenuation. The experimental results demonstrated the advantages of the proposed LRSD method in the RTI reconstruction quality and the DFL accuracy in comparison to the commonly used methods including Tikhonov Regularization and BCS. In conclusion, the proposed LRSD method is effective to improve the RTI performance and efficient (costs 0.5s at most) for the actual DFL applications.
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